Stochastic property of speech signal is a fundamental research topic in speech analysis and processing. In this paper, multiple levels of randomness in speech signal are discussed, and the stochastic properties of unvoiced pronunciation are studied in detail, which has not received sufficient research attention before. The study is based on the signals of sustained unvoiced pronunciation captured in the experiments, for which the amplitude and phase values in the short-time spectrum are studied as random variables. The statistics of amplitude for each frequency component is studied individually, based on which a new property of "consistent standard deviation coefficient" is revealed for the amplitude spectrum of unvoiced pronunciation. The relationship between the amplitude probability distributions of different frequency components is further studied, which indicates that all the frequency components have a common prototype of amplitude probability distribution. As an adaptive and flexible probability distribution, the Weibull distribution is adopted to fit the expectation-normalized amplitude spectrum data. The phase distribution for the short-time spectrum is also studied, and the results show a uniform distribution. A synthesis method for unvoiced pronunciation is proposed based on the Weibull distribution of amplitude and uniform distribution of phase, which is implemented by STFT with artificially generated short-time spectrum with random amplitude and phase. The synthesis results have identical quality of auditory perception as the original pronunciation, and have similar autocorrelation as that of the original signal, which proves the effectiveness of the proposed stochastic model of short-time spectrum for unvoiced pronunciation.
Introduction
Speech signal can be mathematically modeled by stochastic process. There have been researches on stochastic properties of continuous speech signals (i.e. signals of daily conversations). Such researches are based on the large amount of speech data in corpora like TIMIT (Garofolo, 1993) , AURORA (Hirsch and Pearce, 2000) or other database of daily speech signal from the internet (Gazor and Zhang, 2003) . These studies have investigated the probability distribution for time-domain speech signal, and also for the data in transformed overall statistic property of speech can not represent the specific properties of different pronunciation types, which is important for deeper understanding of pronunciation mechanism and improvement of algorithms in practical applications. As a fundamental aspect for understanding the nature of speech signal, detailed stochastic properties of different specific types of pronunciation need to be studied. Nevertheless, so far as the authors know, there is little study on the stochastic distribution of short-time spectrum of specific unvoiced pronunciations yet, which may reveal intrinsic property of such speech pronunciation.
The unvoiced pronunciation is closely related to the aerodynamic process in vocal tract, which is an ongoing research topic (Mittal et al., 2013; Lu et al., 2011 , Sinder et al., 1996 : McGowan, 1987 . The physical process during unvoiced pronunciation is complicated, while the stochastic study of the signal produced may reveal some underlying properties of this process. The randomness in time-domain signal corresponds to the random fluctuation of its short-time spectrum. The focus of this paper is the random fluctuation of amplitude and phase for specific frequency component in the short-time spectrum of a sustained unvoiced pronunciation (or unvoiced phoneme). Moreover, the relationship between two different frequency components in amplitude probability distribution is also investigated, which is important but captured little research attention before. In Section 2, a novel property of "consistent standard deviation coefficient" is revealed. Such property inspires the study of the relationship between the amplitude distributions of different frequency components in Section 3, where the Weibull distribution is adopted to model the prototype of amplitude distribution. In Section 4, combining the estimation of phase spectrum distribution, a stochastic model of short-time spectrum is proposed for unvoiced pronunciation. Based on this model, a synthesis method of unvoiced pronunciation is presented in Section 5, which proves the effectiveness of the proposed model, and can also serve as an efficient synthesis method in practice.
The property of "consistent standard deviation coefficient" for amplitude spectrum of unvoiced pronunciation
For unvoiced pronunciation, in the discrete spectrum obtained by STFT, the spectrum value of each discrete frequency component is considered as random variable due to the randomness of the signal. For each discrete frequency component, the statistics of short-time amplitude spectrum is studied by estimating the expectation and standard deviation as two basic statistics. Moreover, a novel stochastic property about the relationship between these two basic statistics is revealed for unvoiced pronunciation. Because large amount of data is needed for this statistic study, the signals captured and used in this paper are sustained unvoiced pronunciations, not the words or sentences in daily communication. In another word, the study concentrates on the signal randomness at the level of single unvoiced phoneme, which is different from most previous research.
Although well-organized corpuses like TIMIT have well labeled the detailed words, syllables or even phonemes on the time axis, the single pronunciations in such data are too short for statistic study. Since currently there is little corpus of sustained phoneme pronunciation, signals have been captured by the authors using microphones connected to the sound card on computers. To guarantee the generality of experimental results and conclusion, signals have been captured for a group of unvoiced pronunciation in English spoken by different speakers, and on different recording platforms (different microphones and sound cards on different computers). In the collection of pronunciation signal, the speakers were informed with the requirements of stable pronunciation during sufficient time length, based on which reliable statistic study can be achieved. Since the stability of pronunciation in recording largely determines the effectiveness of further analysis, for each speaker the signals were captured repeatedly for several times, so that the most stable signal suitable for further study can be selected. Because the unvoiced pronunciation is produced by the aeroacoustic process in the vocal tract without vocal cord vibration, it is much less affected by individual difference such as age and gender. The signals were recorded at sample frequency of 16 kHz, with 16 bit per sample.
For a recorded signal of a sustained unvoiced pronunciation, STFT is performed on that signal, and large amount of short-time spectrum data can then be obtained, based on which the expectation and variance can be estimated for each frequency component. The programming is implemented in Matlab. In the experiments, the frame length is 512, which corresponds to a time interval of 32ms with a 16 kHz sampling frequency. A Hamming window is used on each frame for STFT. For all frequency components, the estimation results of amplitude expectation and variance can be represented by two functions μ(ω k ) and σ 2 (ω k ), which are the estimated expectation and variance of ω k 's amplitude respectively:
where N is the frame number, ω k is the k-th frequency component in STFT, and a i (ω k ) is the amplitude spectrum value of ω k for the i-th frame. Moreover, the standard deviation σ(ω k ) is also estimated as the square root of σ 2 (ω k ): In order to investigate the relationship between μ(ω k ) and σ(ω k ) more directly, for an unvoiced pronunciation, the two-dimensional points of (μ(ω k ), σ(ω k )) are plotted in Matlab for all ω k . For a frequency component ω k , (μ(ω k ), σ(ω k )) is a point with the amplitude expectation as the x-coordinate and the amplitude standard deviation as the y-coordinate. The results of such plotting indicate a linear proportional relationship between μ(ω k ) and σ(ω k ). Some results are shown in Fig. 5 , which demonstrate the linear relationship between μ(ω k ) and σ(ω k ) in a more direct way, and inspire further quantitative verification of this relationship using the correlation coefficient. Besides the above experimental results, the relationship between μ(ω k ) and σ(ω k ) is quantitatively verified by calculating the correlation coefficient between the two curves of μ(ω k ) and σ(ω k ). Since the spectrum obtained by STFT is discrete in frequency domain, the correlation coefficient is calculated in a discrete form:
where N is the number of discrete frequencies in the discrete spectrum. Experimental results are shown in Table 1 . The first part of the results are based on the pronunciation signals recorded for one male speaker. The correlation coefficients between μ(ω k ) and σ(ω k ) are calculated for different unvoiced phonemes, together with those between μ(ω k ) and σ 2 (ω k ) for comparison. The correlation coefficients between μ(ω k ) and σ(ω k ) are much close to 1.0. Consider the unavoidable error caused by the instability of sustained natural pronunciation, and also the noise introduced in the signal capture process, the strong correlation between μ(ω k ) and σ 2 (ω k ) observed in the experiments did not happen merely by chance. Such results indicate that μ(ω k ) and σ(ω k ) are related by a linear proportional relationship. Experiments have also been done on the unvoiced pronunciation recorded for other speakers, and by other recording devices, which yield consistent results indicating the linear proportional relationship between μ(ω k ) and σ(ω k ). Some of these results are also shown in Table 1 .
Since the standard deviation coefficient represents the σ to μ ratio, such property revealed in the experiments is named as "consistent standard deviation coefficient". It means that the proportional coefficient between the standard deviation and the expectation is consistent for all the frequency components in the short-time amplitude spectrum of unvoiced pronunciation. From the viewpoint of probability, for any frequency component of an unvoiced pronunciation, the larger the amplitude expectation, the larger the random fluctuation of amplitude in the short-time spectrum. This stochastic property revealed by the above experiments also indicates there should be certain connection between the amplitude probability distributions of different frequency components, which is studied in detail in Section 3.
The probability distribution model of the short-time amplitude spectrum for unvoiced pronunciation
Besides the basic statistics mentioned in Section 2, the histogram of amplitude value for each frequency component is also computed respectively using a voting method, which virtually corresponds to the estimation of amplitude probability distribution. Then a model is proposed describing the connection between amplitude distributions of different frequency components for unvoiced pronunciation, which accords well with the property of "consistent standard deviation coefficient". And the pdf of expectation-normalized amplitude is quantitatively fitted with Weibull distribution.
Amplitude histogram computation as the estimation of probability distribution
For amplitude histogram computation, a voting method is presented here. For each frequency component, the following steps are carried out:
Step 1: Determine a reasonable range of amplitude value for this frequency component. This range should contain all the amplitude spectrum values obtained from experimental data.
Step 2: Uniformly divide the above range into reasonable amount of intervals (or bins) with the same length.
Step 3: In the spectrum of each frame, find the amplitude value of the current frequency component, then find the bin into which this amplitude value falls, and increase the count of that bin by one. In another word, let the amplitude values of a frequency component vote for their corresponding bins into which they fall respectively.
After the above voting process, the amplitude histogram can be computed by dividing the voting results by the total number of data, which obtains the estimated probability of falling into each interval. Moreover, since the amplitude is a continuous random variable, in order to estimate its probability density distribution, the amplitude histogram values are further divided by the interval length.
In the above
Step 2, the length of the interval or bin for the amplitude range can be determined by experiment. In order to conveniently compare the amplitude distribution for any two frequency components, a common value range [0, A max ] is used for all the frequency components, where A max is the maximum of all the amplitude values for all the frequency components.
In Section 2, the linear proportional relationship between the amplitude expectation and standard deviation indicates that there should be some connection between the amplitude probability distribution of any two frequency components. Therefore, besides the amplitude distribution of each frequency component alone, the connection between the amplitude probability distribution of any two frequency component is also important. In order to find clue of the connection between amplitude distributions of different frequency components, the estimated distribution curves of all the frequency components are plotted together and shown as family of curves. Some of the results are shown in Fig. 6(a) Fig. 11(a) , the curves are mixed and there is no obvious regularity between the curves. In Section 2, the experimental results indicate that the expectation and variance of the amplitude spectrum value for different frequency components are usually different. Because the expectation and variance can determine the location and sharpness of the distribution curve, it is natural to find little regularity in the mixed plotting of the estimated distribution curves in Fig. 6(a) to Fig. 11(a) . Nevertheless, the regularity of distribution curves will become clear after normalization of expectation for the amplitude spectrum data, as presented in the following.
The expectation and variance (or the standard deviation as an alternative of the variance) are two basic statistics of random variables. For some probability distribution types, these basic statistics can even determine the probability distribution function, such as the normal distribution, the exponential distribution, Rayleigh distribution, etc. The standard deviation reflects the degree of random fluctuation, and largely determines the flatness of the probability distribution curve. For unvoiced pronunciation, the expectation and standard deviation of amplitude spectrum value are found to be proportionally related as the property of "consistent standard deviation coefficient". Therefore, the shape of estimated amplitude distribution curve for each frequency component is affected by the corresponding expectation, which may make it inconvenient for study the connection between two amplitude probability distribution curves estimated.
Therefore, for each frequency component, a preprocessing step is added to normalize the expectation of amplitude values, so that the connection between the amplitude probability distribution of different frequencies may be revealed more clearly. Considering the linear proportional relationship between μ(ω k ) and σ(ω k ), the preprocessing is proposed as dividing each amplitude spectrum data by the average amplitude value of its corresponding frequency component. This preprocessing is called "expectation-normalization" hereafter, because after such processing the data will have an average of 1. In another word, for each frequency component, the amplitude expectation after normalization will be 1. Some of the results of distribution estimation for amplitude after the preprocessing of expectation-normalization are shown in Fig In Fig. 6 to Fig. 11 , it is for the purpose of clear comparison to put together the distribution curves estimated before and after the expectation-normalization in one figure. The results show that, after the preprocessing of expectation-normalization, the estimated distribution curves obviously converge to one central curve (shown in black color in Fig. 6(b) to Fig. 11(b) ), especially compared to the part (a) in these figures. Because the distribution curves converge so closely, the mixed plotting results in a belt around a central curve, and no individual distribution curve can be clearly seen. From part (b) of each figure, the strong connection between the amplitude distributions of different frequency components can be visibly observed, which is based on the amplitude data after expectation-normalization. Based on such results, a model of amplitude distribution for unvoiced pronunciation is proposed in the following Section 3.2, where theoretical analysis accords well with the experimental results obtained. And more quantitative estimations of the probability distribution of the normalized amplitude data are given in Section 3.3.
A model of the relationship connection between the amplitude distributions of different frequency components
In Fig. 6(b) to Fig. 11(b) , the estimated distribution curves after expectation-normalization converge closely to one central curve. Considering the inevitable error caused by pronunciation instability and noise in signal capture and computation, it is reasonable to propose a common pdf prototype of amplitude for all frequency components. In another word, the amplitude distributions of different frequency components are of the same pdf type, but with different expectation values. In such model, there is a prototype distribution function p 0 (a 0 ), from which the amplitude distribution of any frequency component can be derived by varying the expectation (i.e. altering the expectation with a scaling factor). The prototype p 0 (a 0 ) corresponds to the central curve to which the estimated curves converge in Fig. 6(b) to Fig. 11(b) . This model of amplitude spectrum for unvoiced pronunciation is described mathematically as follows. As a random variable, the amplitude of a frequency component a is modeled as some scaling of a prototype variable a 0 , whose expectation is 1:
where k is the scaling parameter.
Equation (5) is a mathematical description of the model proposed, in which the random variable a representing the amplitude of each frequency component is the result of scaling a basic variable a 0 . Moreover, a 0 is the same for each frequency component, which corresponds to the prototype of amplitude distribution.
Based on the above mathematical description, it can be theoretically proved that such model of "common prototype of amplitude distribution" accords well with the "consistent standard deviation coefficient" property for unvoiced pronunciation revealed by experiments in Section 2. In another word, it can be proved that the random variable a in Equation (5) has a consistent standard deviation coefficient regardless of the value k.
First, consider the probability distribution of a in Equation (5), given the probability distribution of a 0 is the prototype distribution p 0 (a 0 ). According to Equation (5), the expectation of a is:
where μ 0 is the expectation of a 0 . Without loss of generality, μ 0 can be set to 1 considering the preprocessing of expectation-normalization in Section 3.1. Based on the pdf of a variable's function in probability theory, according to the relationship between a and a 0 , the probability distribution of a can be deduced as:
Second, consider the standard deviation coefficient of a: 
Consider Equation (6) and (7), Equation (8) can be rewritten as:
Then do the variable substitution a=ka 0 to the integral on the right side of Equation (9): Remember that the variables a and a 0 represent the amplitude value, which is non-negative. Therefore, k is also non-negative. Then Equation (10) can be rewritten as: Notice that the numerator of the right side of Equation (11) 
Notice that the right side of Equation (12) is constant given the prototype distribution p 0 (a 0 ). Therefore, the standard deviation coefficient of a is consistent whatever the scaling factor k is. It is consistent with that of the prototype variable a 0 . For any positive value k, the variable a=ka 0 has the same (or consistent) standard deviation coefficient, which accords well with the experimental results shown in Section 2. Therefore, the property of "consistent standard deviation coefficient" supports the model proposed here: the random variables representing amplitude of each frequency component belong to the same pdf type, but have different expectations. If the prototype pdf p 0 (a 0 ) is determined, the pdf of any frequency's amplitude a can then be derived by a=μa 0 , where μ is a's expectation.
Estimation of the prototype pdf for expectation-normalized amplitude spectrum values
In order to quantitatively study the prototype pdf of the amplitude spectrum value, further investigation has been done. As shown in Fig. 6(b) to Fig. 11(b) , for each frequency component, a curve of amplitude distribution after expectation-normalization can be obtained. And these curves are so close that no individual curve can be shown separately in the figure.
To clearly show the pdf of the expectation-normalized amplitude, the curves in Fig. 6(b) to Fig. 11(b) are averaged in order to eliminate the fluctuation of the estimated curves, which is primarily due to the randomness of amplitude in frequency domain. The averaged curve is shown in Fig. 6(b) to Fig. 11(b) as a black one (the central curve mentioned in Section 3.1), surrounding by the belt area formed by those curves estimated for each frequency component.
Based on the above experimental results, a proper probability distribution is studied for the expectation-normalized amplitude data in the short-time spectrum for unvoiced pronunciation. In order to find a proper distribution as possible, in this paper the Weibull distribution is used as a general distribution type, which is adaptive to represent multiple distributions commonly used (including the exponential distribution, Rayleigh distribution, Gaussian distribution, etc.) by varying the shape parameter of the distribution function (Weibull W., 1951; Lindquist, 1994; Khaledi and Kochar, 2006; Szymkowiak and Iwinska, 2016) . Such generalization ability is quite suitable for the study here, which is mainly based on experimental data. There are two other reasons to use Weibull distribution. First, the amplitude spectrum data is non-negative, which suits the requirement of the Weibull distribution. Second, in the experiment all the estimated distribution curves of expectation-normalized amplitude data have single-peak shape (as shown in Fig. 6(b) to Fig.  11(b) ), which also suits the characteristic of Weibull distribution function.
The Weibull distribution can be expressed as a two-parameter function (Lindquist, 1994; Khaledi and Kochar, 2006) :
where a is the scale parameter and b is the shape parameter. The shape parameter b makes the distribution adaptive to represent different distribution types (Weibull W., 1951; Lindquist, 1994; Khaledi and Kochar, 2006; Szymkowiak and Iwinska, 2016) . For example, if b=1, Equation (13) reduces to the exponential distribution. If b=2, it turns to the Rayleigh distribution. If b=3, it well approximates the Gaussian distribution. Therefore, it is highly flexible in fitting experimental data. For unvoiced pronunciation, in order to estimate Weibull parameters a and b for the prototype pdf of the short-time amplitude spectrum data, all the expectation-normalized amplitude data of every frequency component are used as a whole data set, since all the frequency components share a common prototype of amplitude distribution. The statistic toolbox in Matlab is used to estimate this pdf. The Matlab function wblfit is used to get the maximum likelihood estimate of Weibull parameters a and b, which can obtain a reliable estimation result due to the sufficiently large amount of experimental data (i.e. the large amount of frames). The estimation results are shown in Table 2 . The experimental results in Table 2 indicate that different pronunciations have obviously different shape parameter values of b, but their scale parameters a are similar due to the preprocessing of expectation-normalization on the amplitude spectrum values. By varying the shape parameter, the Weibull distribution can well approximates different distribution types such as the exponential distribution, the Rayleigh distribution, the Gaussian distribution, etc. In the experiments, the shape parameter values approximately range in (1.5, 2.1), which indicate the probability distribution falls in between the exponential distribution (with b=1) to the Rayleigh distribution (with b=2), and with an obvious tendency to the Rayleigh distribution. Using the Weibull distribution here has obvious advantage over those distributions of fixed shape, because the study is mainly based on experimental data, and there is little prior knowledge which can determine the distribution of the spectrum data.
There is another interesting phenomenon in the results that the pronunciations of the same phoneme by different speakers or different recording platform result in same parameters (such as the unvoiced [a] or [ə] in Table 2 ), which deserves further study in future.
In Section 5, the Weibull distribution is used as the prototype of amplitude distribution in unvoiced voice synthesis, which yields satisfying results as the support to the above model of amplitude distribution.
4. The stochastic model for the short-time spectrum of unvoiced pronunciation
The estimation of phase distribution for unvoiced pronunciation
The spectrum value is usually complex number, whose modulus represents the amplitude and the argument represents the phase. Besides the amplitude, in this paper the phase distribution is also studied for sustained unvoiced pronunciation. The similar method is used to estimate the probability distribution of the phase as in Section 3.1, except that the range of phase value is defined as [-π, π] . Such value range is uniformly divided into intervals of identical length. The phase distribution is estimated for each frequency component respectively. For each interval of phase, the number of phase data falling in it is counted. Such estimation can be performed to obtain a phase distribution curve. Some of the results are shown in Fig. 12 for the pronunciation of 
The model of short-time amplitude and phase spectrum of unvoiced pronunciation
By combining the model of amplitude pdf proposed in Section 3 and the phase distribution in Section 4.1, a stochastic model can be proposed for the short-time spectrum of unvoiced pronunciation:
(1) The short-time spectrum of unvoiced pronunciation is random; for each frequency component, its amplitude can be modeled as Weibull distribution; its phase can be modeled as uniform distribution in the range of [-π, π] .
(2) Moreover, the standard deviation coefficient of amplitude is consistent for all frequency components; in another word, for any frequency component of a specific unvoiced pronunciation, the standard deviation of its amplitude is proportional to the expectation.
(3) For a specific unvoiced pronunciation, all the frequency components have a common prototype of amplitude distribution a 0 , where a 0 is the prototype random variable of Weibull distribution; for any frequency component ω k , the probability distribution of its amplitude is modeled as μ k a 0 , where μ k is the expectation of ω k 's amplitude. Although the above model is based on the experiments for sustained unvoiced pronunciation, due to the short-time stable property of speech, the above model can also be valid for a short period (such as 16ms) during which the signal is considered as stable. The proposed model also has potential application in the synthesis of continuous speech in daily communication.
Synthesis of unvoiced pronunciation based on the proposed stochastic model
In this section, the signal of sustained unvoiced pronunciation is synthesized based on the proposed stochastic model of short-time spectrum. The purpose of the synthesis here has two aspects. The first one is to generate synthesized signal with the same perception quality as the original pronunciation as possible. The second one is to experimentally verify the proposed stochastic model. Since the short-time spectrum data obtained in the experiments is obtained by STFT, based on the stochastic model proposed above, it is possible to artificially generate random short-time spectrum data, based on which the synthesis of unvoiced pronunciation can be implemented by the reverse STFT.
There are three steps for the proposed synthesis:
Step 1: The first step is model parameter estimation from the original signal of unvoiced pronunciation. The key parameters of the proposed model in Section 4.2 are the average amplitude value μ(ω k ) for each frequency ω k , and the two parameters a and b of the Weibull distribution p 0 (x) for the expectation-normalized amplitude data. Due to the "consistent standard deviation coefficient" property, the pdf of each frequency's amplitude a can be derived from p 0 (x) based on μ(ω k ), which is a distinguishing feature of the proposed method compared to other models. In order to obtain the model parameters, STFT is performed on the original signal to get the group of short-time spectrums, and the average value of amplitude is estimated for each frequency. Then for each frequency ω k , its amplitude value for each signal frame is normalized by dividing the corresponding amplitude average μ(ω k ), and the two parameters of Weibull distribution are estimated based on the normalized amplitude data for all frequencies as a whole data set. Because in the model the phase has a uniform distribution, there is no parameter needed for phase here.
Step 2: The second step is generating random amplitude and phase values of each ω k for each synthesized frame according to the stochastic model. For each frequency component, the amplitude value is generated according to the Weibull distribution, and the phase value is generated according to uniform distribution.
The Weibull distribution for the expectation-normalized amplitude data (i.e. the prototype distribution of amplitude for all frequency components) can be determined by the two parameter s a and b (which are estimated in Step 1):
where p 0 (x) is the prototype pdf of amplitude, a and b are the scale parameter and shape parameter respectively. However, p 0 (x) is only the distribution for the normalized amplitude data. The actual amplitude pdf of the k-th frequency component should be deduced from p 0 (x). Because the actual amplitude data for the k-th frequency component has the expectation value μ(ω k ), the corresponding actual distribution can be deduced as:
where p k (x) is the actual amplitude pdf for the k-th frequency component. Then the amplitude data for ω k can be produced artificially according to the pdf as Equation (15). The phase value can be generated according to the uniform distribution in the range of [-π, π].
Step 3: The third step is short-time spectrum construction and reverse STFT. The reverse STFT transforms a group of successive short-time spectrum to the time domain signal, which includes the IDFT (inverse discrete Fourier transform) on each short-time spectrum:
where x i (n) is the i-th synthesized frame, and X i (k) is its corresponding discrete spectrum. In
Step 2, for each synthesized frame, the amplitude and phase values of all ω k are randomly generated. Since the DFT results of real signal has the conjugate symmetric property, the short-time spectrum X i (k) can be constructed with the artificially generated amplitude and phase values in a conjugate symmetric manner.
In such a way, the spectrum X i (k) for the i-th synthesized frame can be constructed, and transformed to time domain by IDFT. Then the successive frames are combined to produce the synthesized signal by an overlap and adding process: two adjacent frames are overlapped by half of the frame length, and then added. The final result is the synthesized signal.
In the listening test, for several listeners (three male and three female listeners of the age 22-24 with normal audition), the synthesized signals have identical quality of auditory perception compared to the corresponding original pronunciations. Moreover, the average amplitude μ(ω k ) and the signal autocorrelation of the original and synthesized pronunciation are computed for comparison. Some of the results are shown in Fig. 13 to Fig. 16 . It is indicated in Fig. 13 to Fig. 16 that the time-domain autocorrelation of the synthesized signals are much similar to those of the original pronunciations. Because the power spectrum of a signal can be determined by its time-domain autocorrelation according to the Wiener-Khinchin theorem, similar autocorrelation functions correspond to similar power spectrum, which is the main reason of the identical perception quality of the synthesized pronunciation compared to the original one. This is also indicated by the similar average amplitude curve μ(ω k ) of the original and the synthesized signal, which is shown in Fig. 13 to Fig. 16 . The high quality of synthesis for unvoiced pronunciation also verifies the effectiveness of the stochastic model proposed in Section 4.2. 
Conclusion
In this paper, the stochastic property of the short-time spectrum of unvoiced pronunciation is studied. Based on the signals of sustained unvoiced pronunciation, in the short-time spectrum obtained by STFT, the relationship between the amplitude's expectation and standard deviation is investigated for different frequency components. In the experiments, for an unvoiced pronunciation, the ratio of standard deviation to expectation (also called the standard deviation coefficient) is found to be consistent for all the frequency components. Such novel property is related to the physical aero-acoustic process of unvoiced pronunciation, and further study is worthwhile. Based on such phenomenon of "consistent standard deviation coefficient", a stochastic model of amplitude spectrum value is proposed, in which all the frequency components share a common prototype of pdf for amplitude spectrum value. Moreover, the probability distribution of amplitude after expectation-normalization is estimated. And the probability distribution of phase is also studied.
By combining the models of amplitude and phase distribution, a stochastic model of short-time spectrum is proposed for unvoiced pronunciation, with a Weibull distribution for the expectation-normalized amplitude, and a uniform distribution for the phase. Based on such stochastic model, an efficient synthesis method is presented and implemented, which yields equivalent quality of auditory perception as the original unvoiced pronunciation, and also similar autocorrelation compared to that of the original signal. The effectiveness of the synthesis results proves the validity of the proposed stochastic model of unvoiced pronunciation in frequency domain.
The work in this paper indicates that, besides the general statistic properties of speech signals in daily communication, it is worthwhile to study the stochastic properties of specific pronunciation types, which is on another refined level of randomness for speech signal. Just as the unvoiced pronunciation studied in this paper, specific type of pronunciation signal has more detailed and specific properties compared to general speech signals in daily communication. Although the voiced and unvoiced pronunciations are of different type, randomness exists in the signals of both types, which will also be investigated in future study. Since the unvoiced pronunciation is physically based on an aerodynamic process, the signal properties revealed in this paper is also inspiring for the research on acoustic signal produced by physical aerodynamic process.
